Knee osteoarthritis (KOA) is one of the major causes of lower limb disability. This study aims to develop a computer-based approach to discriminate KOA individuals from controls by using entropy-based features, and therefore to provide an auxiliary, quantitative tool for KOA diagnosis. The surface EMG (sEMG) data were collected from the vastus lateralis, vastus medialis, biceps femoris, and semitendinosus when KOA participants and controls were walking barefoot on ground at a self-paced speed. We employed and compared three different entropy measures, including 1) approximate entropy, 2) sample entropy, 3) fuzzy entropy, for extracting KOA-related features from the sEMG signals for classification. The differences between the KOA group and healthy controls are primarily shown in the fuzzy entropy features extracted from the vastus medialis and biceps femoris muscle pair. Among all tested measures, the fuzzy entropy yielded the best performance in distinguishing KOA patients from controls, with 92% of accuracy, 91.43% of sensitivity and 93.33% of specificity. The results indicate that the fuzzy entropy method is applicable for extracting KOA-related features from sEMG, which can be developed as a sensitive metric for computer-assist diagnosis of knee osteoarthritis.
I. INTRODUCTION
Osteoarthritis (OA) is a progressive degenerative disorder characterized by the destruction of articular cartilage, resulting in joint pain, stiffness, limitation of movement, and even long-term disability, and ultimately it therefore may require a joint replacement surgery [1] , [2] . It has been reported that the global prevalence rate of OA is around 15%, and the incidence rate for individuals aged 50 and above is as higher as 50%. The possibility of ending disabled is around 53% [3] , [4] . Knees are joints primarily affected by OA, since they are bearing the weight of body. Thus, the knee OA (KOA) is a leading cause of lower limb functional disorder in elderly individuals, which greatly affects their ability to implement activities of daily living, such as walking.
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Although the risk of OA may increase with age, OA is not an inevitable consequence of growing old. Diagnosis and precaution are critical to reduce disable rate of OA. The accurate diagnosis of OA relies on clinical assessments, radiological examinations as well as physiological biomarkers associated with OA [2] , [5] , [6] . Currently, American College of Rheumatology (ACR) clinical classification criteria is widely used for OA diagnosis [7] . However, this clinical assessment highly relied on the experience of orthopedist, and therefore could be biased due to patient subjectivity and orthopedist bias [7] . Radiological examination, such as magnetic resonance imaging (MRI), X-ray imaging, computed tomography (CT),and arthroscopy, could provide anatomical images of the joint cartilage [8] , [9] , but failed to characterize the functional integrity of the cartilage. Biomarkers used to OA diagnose currently include detection interleukin -1 (IL -1), serum cartilage matrix protein (COMP) and C-reactive protein (CRP) [10] , [11] . These biomarkers could provide additional information for OA diagnosis; however, they alone may lack sufficient sensitivity to detect OA in the early phase [10] .
Recent studies indicated that the primary cause of knee functional decline in OA is the alterations in muscle strength and functional capacity, which can be determined by the surface electromyogram (sEMG) [12] - [15] . The sEMG, as a non-invasive electro-physiological method for evaluating the neuromuscular function, has been widely adopted in motor rehabilitation, muscle fatigue analysis as well as clinical diagnosis of musculoskeletal disorders. Compared to the other techniques, sEMG is a safe, easy operating measurement, which can be accepted by most of our patients. However, clinicians and researchers do face a challenge to extract useful features from the sEMG signal for diagnostic purposes, since the sEMG is a non-stationary, complicated, nonlinear signal [16] , [17] . Many studies have been previously carried out to investigate the feature extraction of sEMG signal; and there are several reviews on this topic, e.g., [18] , [19] . Muscle function of lower limbs can be altered by KOA [15] , resulting in changed complexity of the sEMG signal. Therefore, the entropy measures, which reflects the degree of complexity of the signal, could be very promising for extracting useful features from the sEMG for KOA diagnosis.
This study aims at developing a computer-based method to discriminate KOA individuals from controls by using entropy-based features, and therefore to provide an auxiliary, quantitative tool for KOA diagnosis. Three different entropy measures, i.e., approximate entropy (ApEn) [20] - [22] , sample entropy (SampEn) [22] , [23] , and fuzzy entropy (FuzzyEn) [16] , [18] , were employed and compared for characterizing the irregular complexity of sEMG signals in KOA subjects. We used a recently developed Linear Discriminant Analysis based criterion, namely F-score [24] , to evaluate the discriminative power of the obtained features. After extracting features, they can be fed into classifier to distinguish signals from different groups [25] - [27] . Here, a fuzzy C-Means algorithm was applied for the classification.
II. MATERIALS AND METHODS
The general pipeline of the proposed methodology is summarized in Figure 1 .
A. SUBJECTS
This study involved 35 participants with KOA (average age 57.39 years old, 18 females and 17 males) and 15 agematched controls. The KOA participants were diagnosed by orthopedist at Fuzhou Second Affiliated Hospital of Xiamen University, Fuzhou, China based on ACR clinical and radiographic criteria. Patients with a surgical history (e.g. total knee replacement or myopathy) and neuromuscular disorders of the lower limbs (e.g. local spasticity) were excluded for this study. The controls are able-bodied individuals with no anamnesis on neither the knee nor femoral joint. Details of participants are shown in Table 1 . The experiments were approved by a local committee for human subject study. All participants signed a written consents before the experiment.
B. DATA ACQUISITION AND PREPROCESSING
In the experiment, all subjects were required to walk barefoot on level ground at a self-paced comfortable speed. There was no severe pain for KOA subjects during the experiment. The sEMG signals were recorded from the vastus lateralis (VL), vastus medialis (VM), biceps femoris (BF) and semitendinosus (ST) in the right leg for control groups, and in the affected leg for the KOA group, using a MyoSystem 1200 EMG system (Noraxon Inc., USA) with sampling frequency of 1000 Hz, a bandwidth of 10-500 Hz and a high common-mode rejection ratio (CMRR > 100 dB). The skin areas where electrodes placed were shaved and sterilized with alcohol before the sEMG measurement to reduce the interelectrode impedance. Since surface EMG collected during walking trials is vulnerable to the interference of motion artifacts [28] , [29] , a Butterworth high-pass filter with cut-off frequency of 20Hz was applied for artifact removal [28] .
C. FEATURE EXTRACTION: ENTROPY MEASURES 1) APPROXIMATE ENTROPY
Approximate entropy (ApEn) is a classical method to measure the complexity of nonlinear time series [20] , [22] . ApEn provides a non-negative statistical description of short-length time series [21] , [30] . Given a N-length (N = 1000 in this study according to the length of acquired sEMG data) time series u(i), i = 1 ∼ N , we constructed a sequence of mlength vectors x m (i) = [u(i), u(i + 1), . . . , u(i + m − 1) in R m for i = 1 ∼ N − m + 1 (here m = 2 based on the suggestion from previous studies [20] , [21] ).
Then, the ApEn was estimated as:
where
and
and r is a tolerance threshold, which was set to 20% of the standard deviation of the amplitude [31] , and N m i is the number of x m (i) that satisfies d m ij /r ≤ 1. The distance d m ij between vectors x m (i) and x m (j) is defined as the maximum difference of their corresponding scalar components:
where j is ranging from 1 to N − m + 1.
2) SAMPLE ENTROPY
Sample entropy (SampEn) can be considered as an improved version of ApEn [22] , [23] , [32] . Given the same N -length time series u(i), we constructed a sequence of m-length vectors, x m (i) for i = 1 N − m + 1. The distance d m ij between x m (i) and x m (j) is defined similarly as Eq. (4) while requiring j = i to exclude self-match. For each i, define B m i (r) as:
where N m i is the number of xm(j) that satisfies d m ij /r ≤ 1. Then, we calculated B m (r), which indicates the probability that two sequences match for m points, as:
The SampEn can be calculated as:
3) FUZZY ENTROPY Fuzzy entropy (FuzzyEn) is an entropy loosely representing the information of uncertainty [33] . Different from the ApEn and SampEn, the m-length vectors in the FuzzyEn is defined as:
where u 0 (i) is the average value of the vector z m (i):
For each z m (i), the distance d m ij between two vectors can be calculated as follows, for j ranges from 1 to N − m + 1 and j = i:
Denote D m ij (n, σ ) as the similarity degree between z m (i) and z m (j) vectors, and D m ij (n, σ ) can be calculated as:
where exp (·) is the exponential fuzzy membership function, n is the gradient and σ is the width of the exponential function.
Define the function φ m (n, σ ) as:
Then, the FuzzyEn can be estimated as:
The σ is set as 20% of the standard deviation of the sEMG amplitude according to previous study [31] .
D. FEATURE ANALYSIS
A 2×4 (group×muscle) multivariate analysis of variance (MANOVA) was performed to investigate group and muscle differences in each entropy measure. Shapiro-Wilk test was conducted for comfirming normality and Levene's test and Box's test for homogeneity of variance between groups. A significance level α of 0.05 was used for all statistical analyses in this study. In tests of between-sujects effects, Bonferroni correction was introduced to avoid spurious postive, which sets α value for the entire set of n (here, n = 4) comparisons equal to α by taking the α value for each comparison equal to α/n, i.e., 0.0125. The data were analyzed using the Statistical Package for Social Sciences (SPSS).
Since the gait is the result of coordination between different muscles, the occurrence of KOA likely alters muscle co-activation patterns. Therefore, we also compared the features extracted from different muscle pairs using pairwise two-dimensional scatter plots. A quantitative metric, namely F-score, was also employed to assess the discriminative power of features extracted from muscles pairs, i.e. a 2-D feature vector. The F-score is a Linear Discriminant Analysis based criterion for evaluating the discriminative power of a group of features (i.e. a feature vector) [24] :
where µ KOA and µ Control are the mean values of feature vectors over all trials for the KOA and control groups, respectively, · denotes the L2-norm (i.e., Euclidean norm), KOA and Control are the co-variance matrix of feature vectors for KOA and control groups, and tr(·) is the trace of a matrix. F-score evaluates the discriminative power of feature vector by considering the inter-group distance and intra-group similarity. More details on F-score and its previous applications can be found in [24] , [34] - [36] . 
E. CLASSIFICATION
Fuzzy C-Mean (FCM) algorithm was used to cluster entropybased features obtained from KOA and control subjects to investigate the intrinsic properties of the data distribution, and further used as a classification method to test the feasibility of entropy-based features. The details of FCM can be found in [28, 33] . In this paper, the FCM algorithm was initialized with random initial cluster centers, and the number of cluster centers was set to 2, and weighting exponent which controls the fuzzy degree of partition was set to 2. Samples are labeled by the maximum membership rule [37] . Accuracy (Acc), Sensitivity (Se) and specificity (Sp) metrics are used to evaluate the performance of the classifier. Sensitivity represents the proportion of true positives that are correctly classified, and Specificity measures the proportion of true negatives that are correctly classified. The above metrics can be calculated according to standard formula by counting the number of true/false positive/negative results on the training set, where TN (true negative) indicates the total number of correct rejections, FN (false negative) the total number of positive instances that are wrongly diagnosed as negative, TP (true positive) the total number of correct positive classifications, and FP (false positive) the total number of negative instances that were incorrectly classified as positive. The accuracy, sensitivity and specificity are then defined as:
III. RESULTS

A. APEN, SAMPEN AND FUZZYEN FEATURES
Entropies quantify the intrinsic complexity in normal and pathological sEMG signals. A larger entropy value, either ApEn, SampEn or FuzzyEn, indicates a large complexity, and vice versa. The statistics of the entropy measures of four muscle sEMG signals from KOA group and control group are presented in Figure 2 .
Based on the results of assumption tests, Shapiro-Wilk tests suggested that datasets adhere to the requirements of normality (p > 0.05), and Leven's test (all p values are larger than 0.05) and Box's test (ApEn: p = 0.127; SampEn: p = 0.361; FuzzyEn: p = 0.159) indicated the homogeneity. According to results of multivariate tests, multivariate analysis obtained a significant overall result (F = 17.622; p <.001) in SampEn and a significant overall result (F = 68.902; p < 0.001) in FuzzyEn, while no significant between-group differences were found in ApEn (F = 0.747, p = 0.04). That is, as presented in Figure 2 , SampEn and FuzzyEn of the KOA group are significantly larger than those of the control group, however, the ApEn does not well distinguish the sEMG complexity between the KOA group and the control group, which shows no significant difference between two groups. In the test of between-subjects effects, for ApEn, there are no significance found (p = 0.855, 0.610, 0.018, 0.013 for VL, VM, BF and ST respectively); for SampEn, significant differences are found in VL (p < 0.001), VM (p < 0.001) and ST (p < 0.001) while not in BF (p = 0.117); for FuzzyEn, significant differences are found in all four muscles (p < 0.001). In Figure 2 (b), larger increases in SampEn values of KOA group were found in VL and VM compared to BF and ST. In Figure 2 (c) , FuzzyEn values of all four muscle from KOA group are approximate two times greater than control groups. These statistical results indicate that the sEMG signals of KOA patients contain more chaotic dynamics than the signals of control subjects, which are reflected with a larger entropy value. This difference is more detectable with the FuzzyEn measure than the ApEn and SampEn measures.
Pairwise two-dimensional scatter plots of ApEn, SampEn and FuzzyEn are presented in Figure 3 (a), (b) and (c), respectively. The outlines of the grouped histograms are shown in their diagonals. As shown in the scatter plots and the grouped histogram, ApEn features are largely overlapped with no isolated clusters for the KOA and control groups. The clusters gathered by SampEn vector show a limited overlap between two groups. The FuzzyEn feature vectors are well separated between of KOA and controls, grouping samples into clearly separate clusters for KOA and controls. Compared to the ApEn and SampEn, the clusters formed by the FuzzyEn method are more concentrated, with larger inter-cluster similarity and smaller inter-cluster similarity. Thus, in consistent with our results in single muscles, FuzzyEn provide better features than ApEn and SampEn for distinguishing KOA from controls. In FuzzyEn-based features, the samples from KOA group distributes in top-left side of scatter plot while control group are shown in the bottom-right, indicating that the KOA group have more chaotic muscle co-activation activity than the control group. This might be related to the pathophysiological mechanism underlying the abnormal lower extremity function in KOA.
To quantitatively determine the co-activation pattern of which muscle pair plays a key role in the pathologic gait, we estimated the discriminative power of the twodimensional FuzzyEn feature vector for each muscle pair by F-score. The results of F-score are provided in Table 2 . As a comparison, we also provide the F-score results for the ApEn and SampEn at the different muscles.
In consistent with the results shown in scatter plots, FuzzyEn features have higher discriminative power than the ApEn and SampEn features for all tested muscle pairs.
These results confirm that the FuzzyEn is more suitable for extracting the KOA-related features from EMG signals. for FuzzyEn features, the VM-BF pair has the highest F-score among tested muscle pairs, indicating that the co-activation pattern of the VM-BF muscle pair plays a critical role in abnormal gait control in KOA.
B. CLASSIFICATION RESULTS
The experiments of classification were divided into four parts: classification with entropy feature vectors that extracted from (1) a single muscle, (2) two muscles, (3) three muscles and (4) all four muscles. The classification performance in terms of accuracy of three entropy measures are summarized in Table 3 , and the values are shown in percentage.
From Table 3 , we can see that the FuzzyEn features outperform the ApEn and SampEn features in terms of accuracy, sensitivity and specificity for all classification tests. These results further indicate that the FuzzyEn method is more efficient than ApEn and SampEn for distinguishing the KOA group from the control group in classification. Among all tests, the FuzzyEn feature extracted from VM and BF as features achieves the best classification performance, i.e. 92% of accuracy, 91.43% of sensitivity and 93.33% of specificity, which further suggests that the abnormal co-activation of VM and BF as the agonist and antagonist muscle group plays a key role in the malfunction of knee movement in KOA.
From above experimental results, we can infer that, 1) as a feature extraction method, FuzzyEn outperforms than ApEn and SampEn for extracting the key features for distinguishing the KOA group from the control group, and 2) the differences between the KOA group and healthy controls are mainly presented in the features extracted from VM and BF muscle pair. In walking task, the BF maintains the body upright and walking, and its flexibility and strength have a direct impact on the back, hip and knee stability. The function of the VM is against the lateral involvement of the vastus lateralis to prevent the subluxation. Together with the VL, the VM serves to flex the hip, maintain knee extension and promote upright posture. It can be inferred from our results that, in the occurrence of knee osteoarthritis, the VM and BF muscle pair may serve a compensatory role. Therefore, these two muscles should be targeted more in the physical intervention for KOA.
IV. DISCUSSION
As shown in results, FuzzyEn outperforms ApEn and SampEn, with higher F-score and classification accuracy. Different from ApEn and SampEn, FuzzyEn defines the similarity between vectors by exponential function as the fuzzy function, instead of Heaviside function. The soft and continuous boundaries of fuzzy functions ensure the continuity and validity of FuzzyEn. In real cases, the borders between different classes are often ambiguous, thus FuzzyEn can provide a more reasonable and stable result. The convexity, symmetry and continuity properties of the exponential function guarantee the maximum self-similarity of vectors, and the similarity between vectors is not affected by the change of vector position. Several extensive tests on synthetic signals have been conducted [38] - [40] , and they reported good properties of FuzzyEn, including better monotonicity, relative consistency, and more robustness to noise. Due to its superior property in complexity analysis, FuzzyEn has been applied in many biomedical applications, such as muscle fatigue detection from sEMG signal [39] , complexity analysis of resting state fMRI signal [40] , electroencephalogram [41] signal and magnetoencephalograms [42] analysis of Alzheimer's disease. However, FuzzyEn, as well as SampEn and ApEn, have not been applied to sEMG signals of KOA individuals in gait trials. Our results prove that FuzzyEn may be a powerful tool to characterize the complexity abnormalities of KOA, which could be helpful in further understanding of the disease.
Our results suggested that the abnormal co-activation of VM and BF as the agonist and antagonist muscle group plays a key role in the malfunction of knee movement in KOA. VM and BF are antagonist muscle pairs, and they are alternatively activated during gaits in able-bodied subject. However, the entropies of VM and BF of KOA subjects are significantly increased, which indicates the excessive activation of VM and BF, or a higher level of co-activation. The excessive co-activation of VM and BF may be due to changes in neuromuscular system caused by KOA, and the lack of inhibition of the lower motor nerve circuit may lead to excessive muscle tension and muscle fatigue. The longterm abnormal co-activation will then decrease the proportion of fast fatigable motor unit in the motor neuron pool. Previous research has demonstrated heightened flexor withdrawal reflex activation in patients with knee OA. This altered reflex activation, purportedly due to chronic painful input from the joint, may contribute to the changes in Entropy noted in this study. Targeted stretching may be a way to alleviate this problem in rehabilitation, however interventions that target central mechanisms may be indicated.
V. CONCLUSIONS
In this paper, we analyzed the complexity of sEMG signals recorded from the vastus lateralis, vastus medialis, biceps femoris and semitendinosus from individuals suffering from knee osteoarthritis and age-matched able-bodied controls based on three entropy measures, i.e., approximate entropy, sample entropy, and fuzzy entropy. Among all tested entropy measures, the fuzzy entropy yielded the best performance in distinguishing knee osteoarthritis patients from age-matched able-bodied controls. The differences between the knee osteoarthritis group and healthy controls are mainly presented in the features extracted from the vastus medialis and biceps femoris muscle pair. In short, fuzzy entropybased feature extraction method is applicable for examining the neuromuscular changes in knee osteoarthritis, which can be developed as a future sensitive tool for computer-assist diagnosis of knee osteoarthritis. More targeted physical intervention may be needed to reduce the abnormal co-activation of vastus medialis and biceps femoris in knee osteoarthritis. YURONG LI received the master's degree in industry automation and the Ph.D. degree in control theory and control engineering from Zhejiang University, in 1997 and 2001, respectively. She is currently a Professor with Fuzhou University. Since 2007, she has been a member of the Fujian Key Laboratory of Medical Instrumentation and Pharmaceutical Technology. Her research interests include biomedical instrument and intelligent information processing.
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